Abstract-To coordinate electric vehicle (EV) charging, the EV aggregator (EVA) is usually assumed to obtain the privilege from EV owners (EVOs) to determine the EV charging profile, and complex communication between EVA and EVOs is demanded, which poses difficulties for practical applications. In contrast, this paper proposes the concept of an EV chargeable region to evaluate the distribution network (DN) EV hosting capacity, i.e., how much EV charging demand can be accommodated in a DN, within which the technical constraints of DN (e.g., voltage deviation) are guaranteed and EVOs' charging requests are maximally ensured. 
N c,t
Set of EV charging demand at c, t. γ/Γ Index/set of piecewise linearization approximation method, where Γ D E , Γ AP , Γ RP represent set for PLA method of delayed EV charging demand, quadratic term of active and reactive power respectively. j/J Index/set of DN nodes. c/C Index/set of EV charging facilities. r/R Index/set of reactive power support facilities, i.e., shunt capacitors and automatic voltage regulators (AVRs).
δ(j)
Set of child nodes of DN node j. Ψ EV (j)/ Ψ RP (j) Set of EV charging facilities/reactive. power support facilities under DN node j. 
B. Parameters

I. INTRODUCTION
R
ECENT years have seen a constantly increasing penetration of electric vehicle (EV) charging demand in distribution networks (DNs) because of the growing concerns on global warming and environmental pollution issues. A review of [1] - [3] indicates that the large-scale random EV charging demand will introduce significant impacts on the secure and economical operation of DNs. These negative influences mainly include increasing distribution energy losses, voltage deviation, and overload of DN lines and substations. Voltage deviation is one of the major issues caused by large-scale EV charging demand. For example, case study in [1] demonstrates that the voltage of residential distribution grid will drop very likely below 0.95 p.u. due to the uncontrolled EV charging demand.
Coordinated/smart charging control of EVs is the widely accepted method to improve voltage profile in distribution network [4] - [11] . Many researches in open literatures demonstrate that significant voltage drop in DN can be prevented using optimal EV flexible charging strategy by properly rescheduling the EV charging demand [4] - [6] . Various implementation algorithms and models of coordinated/smart charging strategies are proposed to deal with voltage issues. A market mechanism is proposed in [7] to optimally allocate available charging capacity ensuring both DN voltage security and EVOs' preferences on charging rates. A market based multi-agent control mechanism is proposed in [8] to use remaining capacity of each EV charger for reactive voltage control where the iterative exchange of messages can be omitted. In [9] , a real-time smart load management control strategy is proposed and developed for the coordination of EV charging based on real-time (e.g., every 5 min) minimization of total operation cost while complying with network operation criteria. In [10] , a rolling multi-period optimization based EV charging control method is proposed to deter excessive voltage deviations and overloading of equipment with the input data updated at each time step. A local control technique for EV coordinated charging strategy in low voltage DN is proposed in [11] and the advantage and disadvantage of local and centralized EV charging strategy are discussed.
Moreover, as the large-scale EVs cannot be scheduled and managed directly by the power system operator, the concept of EV aggregator (EVA) is proposed to manage a huge number of EVs and act as an intermediary to communicate with power system operators to ensure DN operation security and to improve social welfare [12] - [14] . For example, a hierarchical decomposition model is proposed in [13] to minimize the total cost of dispatching generators and EVAs in the upper-level model and to design detailed charging and discharging strategies in the lower-level model. However, in these methods, the EVA is usually assumed to obtain the privilege from EVOs to determine the charging schedule of each EV as long as the customers' travel demand is met. This implies that EVOs should report their daily departure time and required energy in the battery to the EVA, which will create a huge inconvenience for end-user customers. Another issue is that needs for unexpected and urgent usage of EVs may not be satisfied, as this kind of information cannot be captured in advance by the EVA. Besides, it still remains uncertain whether complex communication facilities will be built up among the DNO, EVAs, and EVOs in the DNs.
To address these issues, we first assume that EVs are charged randomly according to users' requests. Then we try to maximize EV hosting capacity, by determining the largest admissible charging demand at each DN node that can be accommodated. Within the hosting capacity, the DN voltage and line capacity will not vary beyond the requirement, and outside of the hosting capacity, some EV charging demand should be postponed. The main contributions of this paper are threefold:
1) The concept of "EV chargeable region" is innovatively proposed to evaluate the largest amount of EV charging demand under a DN node that will not lead to network constraint violations. The EV chargeable region optimization problem is formulated as a two-stage model, where the EV chargeable region and DN decision variables are optimized in the first stage and the feasibility of the DN worst-case scenario is checked in the second stage. This model not only guarantees the secure operation of DN, but also maximizes the EV hosting capacity for DN. Compared with the previous EVA-oriented coordinated charging strategy method, the proposed model is userfriendly and enforceable for practical application. 2) To model the EV charging demand uncertainties, the Monte Carlo simulation method was usually used in the previous work to generate user travel behaviour data from either the travel statistical results in travel survey reports or a self-defined distribution function of travel parameters [13] , [15] - [19] . In comparison, we directly use sampling with the replication method to model EV uncertainties from raw vehicle travel data, which can better resemble the reality. Then the piecewise linearization approximation (PLA) method is used to estimate out-of-region delayed EV charging energy on the basis of sampled EV uncertainties.
3) The framework is mathematically formulated as a robust optimization problem with an adjustable uncertainty set.
In contrast with the typical robust optimization problem, the uncertainty set in the framework is affected by the first-stage variables. Thus, a modified column & constraint generation (C&CG) and outer approximation (OA) method is proposed to solve the optimization problem. The remainder of this paper is organized as follows: Section II describes the modeling of EV charging demand. Section III describes the formulation of the EV chargeable region optimization model. The compact formulation, dual problem, and algorithm are given in Section IV. Case studies to verify the proposed model are conducted, analyzed, and discussed in Section V. Finally, Section VI draws some useful conclusions.
II. MODELING ELECTRIC VEHICLE CHARGING DEMAND
A. Modeling Electric Vehicle Charging Demand Uncertainty
It is widely accepted that time-varying and location-varying EV charging demand can be modeled according to EVOs' travel behavior. Monte Carlo simulation method was mostly used to acquire EVOs' travel behavior data on the basis of travel survey reports, from which the parking duration and the charging demand of each vehicle can be estimated [13] , [15] , [16] . To model more detailed spatial-temporal dynamics of EVs' charging demand, some other researchers randomly generated a daily trip chain based on self-defined hypothetical distribution functions [17] - [19] .
In contrast, the present paper models the uncertainty of charging behavior by sampling directly from the 2011 Raw Data of Travel Behavior released by the Atlanta Regional Commission (ARC), which can be found in the ARC Metropolitan Travel Survey Archive [20] . This survey dataset contains 119,480 trips in total, collected within 3 months. For each trip, the information provided by the data includes: departure time, departure location, arrival time, arrival location, trip distance, transit access mode, etc. The large number of trips and the detailed and comprehensive record of each trip provide valuable assistance in modeling the uncertainty of EV charging demand. In this paper, all the EVs are first assumed to be charged upon arriving home, where the charging load for each EV can be formulated as
where κ and K are the index and set of the trips whose destination is home, which will trigger the charging reaction. P ch υ denotes the fixed charging rate, which can be randomly selected from the predefined charging power dataset with corresponding probability, and υ is the index of variously rated charging power. DT κ is the total travel distance during the day, E CS is the per-mile energy consumption, η ch is the charging efficiency, and t arr k and t dep k are the EV arrival and departure time. To model the aggregated charging demand under a DN node with N k total EVs, sampling with the replication method is adopted to randomly select N k samples from the EV charging demand database K. The summarized value can be regarded as one scenario of charging demand at each DN node. By repeating this procedure continually, various scenarios can be obtained, given as
where P
CH,S
c,t,s denotes the aggregated charging demand under a DN node c in scenario s and P CH,AV c,t denotes its average value, where | · | denotes the Cardinality of the set. When the sample size S is large enough, the uncertainty of charging demand can be properly modeled and the estimated cumulative distribution function (CDF) can be obtained from the statistical results.
B. Modeling Delayed Electric Vehicle Charging Energy
In this subsection, we illustrate the relationship between the compensation cost of delayed charging energy and the EV chargeable region, based on the statistical results of EV charging demand uncertainties. As discussed, when the charging demand exceeds the upper bound of the chargeable region, the excessive portion of the energy should be delayed, as follows:
where (3a) describes the relationship between delayed charging energy DE c,t and EV chargeable bound P Bound c,t
. χ c,t denotes the actual EV charging demand, and g(χ c,t ) denotes the probability distribution function (PDF) of χ c,t . As formulated in (3b), the PDF is obtained using the PLA method from statistical results, rather than the exact distribution function, where
and B D E γ ,c,t are the auxiliary coefficients of linearization approximation. The PDF is actually the linearly estimated gradient of its CDF, acquired from the sampling results in Section II-A. It should be mentioned that the delayed energy is affected not only by the chargeable bound but also by the charging demand increase due to the delayed energy of the last time interval, as shown in (3a). Thus, the delayed EV charging energy is calculated as the cumulative energy beyond the bound and within the maximum EV charging demand P EV,max c,t . However, (3) is still difficult to solve because of the nonlinearity and the integral term of χ c,t . To cope with this problem, the PLA method is used again to obtain the approximate linear term of (3). Thus the EV charging demand can be modeled as:
where ( Some remarks on the EV chargeable region follow: 1) Although an EVA is not considered, an EV controller should be installed at the DN node to interrupt the excessive charging demand beyond the chargeable region.
2) The EV charging delay priority may depend on the EV charging urgent level, e.g., the remained EV charging demand. The EVs with larger SOC of the battery are interrupted with higher priority, which guarantees the urgent usage of EVs to the maximum extent. 3) Although immediate charge is modeled, EVOs can schedule their charging profiles on the basis of their intentions.
The case of charging at the lowest electricity price is considered and discussed in the case study.
III. FORMULATION OF ELECTRIC VEHICLE CHARGEABLE REGION OPTIMIZATION MODEL
A. Distribution Network Operation Constraints
The complex DN power flow at each node j can be described using DistFlow equations from [21] , [22] :
where (5a) describes the active power flow, (5b) describes the reactive power flow, and (5c) describes the voltage transmit along the branch. To address the problem of nonlinearity, the linear version of the DistFlow equations is proposed and justified in [21] , [23] by Baran and Wu and later adopted by various researchers [24] - [26] . The approximation is based on two assumptions. First, the nonlinear terms representing the loss should be much smaller than the branch power P j , Q j and voltage terms V 2 j , so that they can be neglected in the calculation of power flow. Second, the approximation of (V j − V 0 ) 2 = 0 is adopted and it will be valid as long as the voltage violation is always within the requirement so that the quadratic terms of voltage can be replaced.
In contrast with the previous work involving a linear version of Distflow, we propose the piecewise linearized Distflow, achieved by linearizing the quadratic terms of active power and reactive power so that the loss terms can be maintained. The set of power flow, taking into consideration linearization, EV charging demand, and reactive power facilities, can be characterized by the following constraints:
where constraints (6a)-(6c) are adjusted from constraints (5a)-(5c), where P QU j,t Q QU j,t are used to estimate the quadratic terms of P j,t Q j,t and the EV charging demand and the reactive power output of shunt capacitors and AVRs are taken into account in the power flow. The disposition of the quadratic terms of transmitting voltage is the same as in the previous work, while the voltage in the denominator of the voltage drop terms is replaced with its reference value, which should be acceptable and more accurate than neglecting the whole term in linear DistFlow [21] - [26] . The voltage of the substation is given as V ST , defined by (6d). The quadratic terms P QU j,t Q QU j,t can be estimated using the PLA method with the following auxiliary constraints:
where K 
where (8a) describes the DN branch active and reactive power limitation and (8b) describes the voltage fluctuation limitation.
B. Two-Stage Electric Vehicle Chargeable Region Optimization Framework
In this subsection, a two-stage EV chargeable region optimization framework is proposed. To keep the DN voltage deviation within the requirement and to minimize the DN line loss, the coordinated operation of shunt capacitors and AVRs is widely used. In practice, shunt capacitors cannot react continually and immediately according to the rapid fluctuation of demand and voltage in the DN, while the AVRs can respond quickly to the real-time DN status. Also, the EV chargeable region is assumed to be optimized on a day-ahead basis before the uncertainty is revealed, so that real-time interaction and complex communication between the EVA and EVOs are avoided.
In this regard, a two-stage robust optimization framework is proposed to determine the optimal EV chargeable region and DN decision variables, hedging against any possible realization of uncertainty. The uncertainty of the DN consists of EV charging demand and other active/reactive power loads. Therein, shunt capacitors, the chargeable region, and expected DN operation variables act as the first-stage decision variables, served as "here-and-now," which cannot be adjusted after the uncertainty is revealed, while the AVR and real-time power flow act as the second-stage decision variables, served as "wait-and-see," which will respond to the uncertainties. It should be noticed that both distributed generators and other schedulable loads in distribution network can be modeled as second-stage "wait-and-see" variables and thus affect EV chargeable region. However, they are not taken into consideration, as this paper focuses on the EV charging demand itself. Thus, the average operation cost is factored into the first-stage decision-making and the feasibility in the real-time worst-case scenario should be checked during the second-stage decision-making, with the following formulation:
The objective function (9a) is to minimize total DN operation cost, in which the first term denotes the total DN line loss and the second term denotes the compensation cost paid to the EVOs because of the charging delay. Constraints of power flow, active/reactive power quadratic term linearization, and the operation limitation are defined in (4), (6) , and (7), respectively, in Section III-A above. The relationship among delayed EV charging demand, EV chargeable bound, and the compensation cost is defined in (8) . Constraint (9b) is used to check the feasibility of the real-time worst-case scenario, given the EV chargeable region and the operation status of shunt capacitors, where S V j,t and S PQ j,t denote the slack variables of voltage deviation constraints and DN line capacity violation constraints. The DN operation remains secure only if all the slack variables are zero in any scenario. The uncertainty set Ω US (·) of constraint (9b) is given as follows:
where the uncertainty set Ω US (·) consists of three kinds of variables, i.e., EV charging demand, active power, and reactive power. As neither the EV charging demand nor the active power and reactive power at each DN node can be precisely forecast on a day-ahead basis, they are regarded as variables in the second-stage optimization so as to find the real-time worst-case scenario. Constraints (10a)-(10d) denote the uncertainty set of EV charging demand, (10e)-(10h) denote the uncertainty set of active power and constraints, and (10i)-(10l) denote the uncertainty set of reactive power. In each set, the boundary of the variables and the uncertainty budget at each time interval or at each DN node are given respectively. It should be noticed that the uncertainty set Ω US (·) is affected by the first-stage variable, EV chargeable bound P Bound c,t
. The worst-case feasibility set Ω W S (·) of constraint (9b) is given as follows:
where power flow in the real-time worst-case scenario is illustrated by (11a)-(11d). Compared with the first-stage power flow in (6), EV charging demand, active power, and reactive power become variables which are quantified in uncertainty set (10) and the AVR becomes the real-time controllable variables with the boundary given in ( 
IV. SOLUTION METHOD
A. Compact Formulation and Duality
For simplicity, the compact formulation is written in this subsection as follows: (12) can be divided into two stages, where the first-stage master problem can be described as (12a)-(12b) and the second-stage subproblem can be described as follows:
Thus, (13) is formulated as a bi-level linear program. In accordance with the strong duality of the linear program, the inner optimization problem is replaced by its dual problem so that (13a) can be reformulated as a single-level bilinear program, as follows:
where ψ is the dual variable vector of the inner problem of (13) . It should be noticed that the second term of (14a) is the bilinear term, as both ψ and z 1 z 2 are variables. The single-level bilinear program (14) can be solved by either the OA method [27] or the big-M linearization method. Although the big-M method can find the exact optimal value, the computational burden is closely dependent on the number of bilinear terms. As the uncertainty set in the proposed model is very large, the big-M method becomes low-efficient in computation, or even intractable for addressing some cases. Thus, the OA method is adopted to cope with the bilinear problem.
B. Algorithm
To address the two-stage optimization problem with an adjustable uncertainty set, a two-level algorithm is proposed in this subsection. The outer level employs the C&CG method [28] to obtain x 1 , x 2 , x 3 with the results of inner-level optimization, and the inner level uses an OA algorithm [27] to cope with the bilinear problem.
The outer-level C&CG algorithm is given as,
Step 0: Initialization. Set outer-level iteration index k = 1, lower bound LB OUT = −∞, upper bound UB OUT = +∞. Find a feasible solution (z *
Step 1: Solve the master problem (12a)-(12b), taking into consideration the following constraints, where w m is the newly created variable vector at each iteration:
Step 2: Solve the bilinear subproblem (14) . Let (z * 1,k , z * 2,k ) be the optimal solution. Check the outer-level convergence. If UB OUT − LB OUT < ε CCG , stop. Otherwise, let k = k + 1, go to step 1. The inner-level OA algorithm is given as,
Step 0: Initialization. Fix the first-stage decision variables x * 1 x * 2 . Set the inner-level iteration index j = 1, lower bound
Step 1: Solve the OA subproblem,
Step 2: Linearize the bilinear term ψ
, as follows:
Step 3: Solve the OA master problem. Solve the linearized version of the second-stage problem, defined as follows:
Step 4 It should be mentioned that the C&CG constraints additionally added at each iteration are originally formulated as
However, the first-stage variable x 1 is not included in the constraints (19) and thus cannot be adjusted at each iteration. This is because the x 1 , representing the EV chargeable bound, affects the boundary of the uncertainty set rather than the worst-case scenario decision variables, which is different from the typical robust optimization. To cope with the problem, the auxiliary term x 2 /x * 2,m is multiplied with the third term, and finally reformulated as (15) . The general framework of the algorithm is described as Fig. 1 .
V. CASE STUDY
In this section, the experiments are presented to illustrate the proposed model using the modified IEEE 123 node DN in this section. All the algorithms are implemented on MATLAB, using Cplex as the MILP solver. The optimality gap is set as 10 −3 .
A. Modified IEEE 123-Node Distribution Network
In the modified 123-node DN system, 12 DN nodes are connected with EV charging facilities and 6 DN nodes are connected with voltage regulator facilities, as shown in Fig. 2 At each EV node, 50 EVs are assumed to arrive during one day. The EV charging power rate is set as 4 kW, 6 kW and 8 kW with a probability of 25%, 50% and 25%, respectively. The compensation cost of the EV charging delay is set as 0.1$/(kWh * h). The EV penetration level is defined as the ratio of total EV charging demand to total DN demand during the day, with the formulation EV P = To effectively illustrate the proposed model, we propose three cases with different charging modes and different EV penetration levels, as follows:
Case 1: Immediate charge; EV penetration is 16.82%. Case 2: Charging response to price; EV penetration is 16.82%.
Case 3: Charging response to price; EV penetration is 20.18%.
B. Electric Vehicle Charging Demand Uncertainty
The sample size of nodal EV charging demand is set as 4000 to effectively model the uncertainty of the total EV charging demand under each DN node at each time interval. Then the estimated CDF of aggregated EV charging demand is obtained accordingly. Fig. 3 depicts the CDFs at two typical time intervals. Results show that EV charging demand at t = 20 is larger than that at t = 17. Then the PDF is obtained from the gradient of CDF data, as depicted in Fig. 4 . It should be mentioned that the PDF and the CDF are described with discrete data rather than the exact distribution function, such that a piecewise linearized function can be used to model the EV charging demand uncertainty.
C. Optimal Electric Vehicle Chargeable Region
This subsection gives the simulation results of case 1. Two typical charging bounds are depicted together with the various uncertainty intervals of EV charging demand in Fig. 5 . The EV chargeable region is defined as the area lower than the chargeable bound. It can be found that the EV charging demand is totally met during most times of the day, when both the DN load and the EV demand are low. However, the EV charging demand may be larger than the chargeable region and thus should be delayed during the period hour 16 to hour 22. By comparing the difference between the chargeable bounds of node 6 and node 114, it can be concluded that the location of EV charging demand in the DN area has a considerable impact on how much EV demand can be charged. Generally, voltage drop issues become more serious at the end of the DN, where the EV chargeable region is significantly affected and narrowed.
D. Impact of EVOs' Charging Response to Electricity Price
It is well known that EVOs can rearrange their charging profile by responding to electricity price. To discuss the effectiveness of the EV chargeable region in this demand response scenario, two assumptions are first proposed: 1) half of the EVOs respond to the electricity price by charging their EVs at the lowest electricity price; 2) the electricity price has a negative correlation with total DN demand. In this regard, EV charging demand is remodeled by sampling from the travel dataset with half of the charging demand shifting to the valley period of DN demand. Fig. 6 depicts the EV charging demand uncertainty intervals and the chargeable region of case 2 at two typical DN node. The results demonstrate that more EV charging demand can be covered by the EV chargeable region compared with case 1 in Fig. 5 . It is well known that the demand response of EV charging demand helps to shift part of the DN load to the valley period, which may help to maintain the voltage profile and relieve DN congestion during peak period. Nevertheless, Fig. 6 demonstrates that the network constraint violation limitation cannot necessarily be guaranteed without the proposed EV chargeable region, as EV charging demand is still random and uncontrolled. Especially if the EV penetration level in DN is increased, the DN will become more heavily loaded and the EV chargeable region will take on a more important role in maintaining DN secure operation. To illustrate this point, Table I gives the simulation results for the three cases. The concept of EV chargeability in the DN is proposed to evaluate the general level of the EV chargeable region in various DN nodes, with its definition given as
By comparing the simulation results of cases 2 and 3, it can be concluded that EVOs' response to electricity price cannot prevent the DN violation, especially if the EV charging demand is large. The proposed EV chargeable region method becomes more advantageous with the increase of EV penetration level in the DN.
E. Optimization Procedure and Computation Efficiency
In this subsection, the optimization procedure and computational efficiency are discussed to verify the proposed solution algorithm. The simulation results at each iteration of case 1 are listed in Table II , where the final solution is given with fold type. It is observed that the objective value of subproblem is significantly reduced in each iteration and the algorithm terminates in the third iteration when the objective value of subproblem meets the convergence criterion. The computation efficiency is listed in Table III . It can be observed that the subproblem contributes more to the total computation time. The reason is that it takes several iterations to achieve the convergence of outer approximation method for the bilinear subproblem.
F. Sensitivity Analysis of Piecewise Linearization Approximation Method
In this subsection, sensitivity analysis of the PLA method is conducted to check the accuracy of the linearization approximation. The simulation results with different segment numbers of piecewise linearized delayed EV charging demand are listed in Table IV , where the simulation results of case 1 are given with fold type. It can be observed that the EV compensation cost and EV chargeability are affected by the number of segment of PLA model. It can be also noticed that the differences between simulation results of k = 13 and k = 10 are very small and the differences among simulation results of k = 10, k = 7 and k = 4 are relatively larger, indicating the parameters in the PLA method is proper for this case. Similarly, the simulation results with different segment numbers of piecewise linearized Distflow are listed in Table V . It can be observed that the differences among various costs become smaller when the number of segment k increases. Thus, the PLA accuracy in modelling Distflow can be regarded within the acceptable range.
G. Impact of EV Penetration Level
In order to address the prospective uncertainty of the EV population in the DN, a sensitivity analysis of the EV penetration level with EV immediate charging mode is performed. Fig. 7 illustrates the impact of EV penetration level on the EV compensation cost and the chargeability. The results show that with increased EV penetration level, the EV chargeability shows a slow decrease at first and then a rapid decline as more EVs interact with the DN. This is because larger EV charging demand may lead to DN line overload. Under such circumstance, EV charging demand delay is the only solution to avoid congestion. DN line capacity expansion planning can be suggested if the chargeability is too small to be accepted by EVOs.
VI. CONCLUSION
This paper innovatively proposes the concept of "EV chargeable region" to evaluate the maximum DN EV hosting capacity for each node. The uncertainty of EV charging demand is modeled by sampling from raw vehicle travel data. The EV chargeable region optimization problem is formulated as a two-stage model where the chargeable region and DN decision variables are optimized in the first stage and the feasibility of the DN worst-case scenario is checked in the second stage. Mathematically, the proposed framework is formulated as a two-stage robust optimization problem with an adjustable uncertainty set. A modified C&CG/OA method is employed to solve the twolevel problem. Case studies demonstrate the effectiveness of the proposed model in both immediate charging mode and charging demand response mode, considering various EV penetration levels.
With the aid of the proposed model, not only operating constraint violation of DN is prevented, but also EVOs' charging requests, i.e., immediate charging or price-response charging, are guaranteed to the largest extent. EVOs' daily report of charging demand to the EVA may be waived, as the EV charging profile can be well managed directly by the EVOs themselves. Thus the urgent usage of EVs can be maximally guaranteed. Besides, communication mechanism of the proposed framework is simple and the only communication is to pass message of EV chargeable region from distribution network operator to controller at distribution network node, which is unidirectional and happens once a day. Overall, the proposed framework demonstrates a high potential for practical applications.
